How does a firm's human capital impact financial performance? By directly observing the employment and education trajectories of a significant proportion of U.S. public company employees from 1990 to the present, we explore the relationship between performance and two aspects of human capital: turnover and skills. First, we find that firms with higher employee turnover experience significantly worse future returns. A long-short strategy based on employee turnover with a three-month lag lag generates an excess compounded annual return of 14.3%. Second, firms with a larger emphasis on sales-oriented skills show better subsequent performance, whereas firms with more focus on administrative skills underperform. The effects of skills are heterogeneous across industries, with a larger premium on web development in Information, a higher premium on insurance in Manufacturing, and no benefit from sales-oriented skills in Finance.
Introduction
What is the value of a firm's human capital? We explore the relationship between firm performance and the turnover and composition of its employees using a comprehensive dataset of 37 million employment and education histories of U.S. public company employees between 1990 and May 2017. We find that firms with more stable workforces experience significantly higher future stock market returns. The composition of human capital is also predictive of future performance: firms with higher percentages of employees with expertise in sales tend to outperform firms with less emphasis on this core business area, whereas firms with higher percentages of employees with administrative skills systematically underperform.
While some skillsets are robustly predictive of returns across different types of firms, other skillsets play different roles in different industries. For example, a larger focus on managerial and administrative skills translates to worse firm performance across the board. Benefits of sales-oriented skills are less universal: these skillsets no longer predict positive excess returns when we restrict our attention to the Finance & Insurance industry. Similarly, financial skills are among the most important aspects of human capital for predicting future performance in the Manufacturing industry, while these skills carry no positive premium in Information.
The increasing importance of human capital for modern firms has been stressed by practitioners and academics alike. 1 A number of studies consider the effects of Chief Executive Officers on a variety of corporate outcomes, including performance, strategy, leverage, mergers and acquisitions, and investment decisions. 2 While the documented CEO effects demonstrate the importance of firm leadership, a firm's human capital extends far beyond its uppermost executives. In this paper, we provide evidence that the composition of a firm's broad employee base is an important factor in driving firm performance.
We leverage techniques from machine learning on a large novel dataset of employment profiles to provide a detailed characterization of each firm's human capital. The dataset comes from a client relationship management and marketing compliance platform that aggregates information regarding individuals' employment and company events from a wide variety of sources including datasets for purchase, partner CRM databases, and online public records and resumes. The dataset covers more than 330 million individuals globally, with approximately 37 million employees of U.S. public companies since 1990. Each profile includes detailed information regarding employment, education, skills, geographic location, and demographic information (such as age, gender, and ethnicity). Approximately 77% of the employees are based in the U.S., with substantial coverage also in Europe, Asia, and South/Central America. Importantly, although our analysis centers on U.S. equities, we are able to identify employees of specific firms across borders, providing a more complete view of each individual firm's human capital.
We employ a mixture of textual analysis, existing knowledge-bases, and crowd-sourcing to structure and analyze the free-form employment data. Since the data come from a variety of sources, represent inconsistent formats, and largely feature unconstrained entry by individuals, we take a number of steps to reliably disambiguate each employee's educational attainment and link the names of employers to U.S. publicly traded companies. Of the approximately 4,800 employers active on the main U.S. equity markets (NYSE, NASDAQ, and AMEX), we are able to achieve significant coverage of human capital of almost 4,300 firms (89%). Linked with financial and accounting data, we obtain an unbalanced panel with a total of 3,094 firms and an average of 1,850 firms per month. This offers broader coverage than prior detailed employment profile datasets, including LinkedIn (see Jeffers (2017) ).
In addition to its coverage, a key advantage of our employment dataset is the inclusion of each employee's skills and abilities. However, the skills are self-reported and each individual can specify his expertise in any manner he chooses, with no constraints. As a result, across the 37 million profiles, the dataset features more than 20 thousand unique strings denoting skills. In order to structure these self-reported skills into a limited number of easily inter-pretable skillsets, we employ a method from the topic modeling literature, Latent Dirichlet Allocation, and learn 44 latent topics -the skillsets -that would be most likely to generate the observed individually reported skills. The skillsets intuitively capture key areas of expertise in the modern workforce, including aspects such as Business Development (most common skills: business strategy, marketing strategy, business development), Software Engineering (most common skills: java, sql, software development), etc. We then classify each individual as possessing two skillsets: we term the skillset likely to have generated the largest number of the individual's skills as his "primary skillset" and the next highest skillset as his "secondary skillset." The most common skillset in our dataset is Business Development, followed closely by Administration, Middle Management, and Banking & Finance.
Mobility of human capital measured in our data reveals meaningful relationships between firms, which are not captured by traditional industry analysis. For example, we document that 58.6% of job transitions occur outside of two-digit NAICS classifications. There We analyze the relationship between employee mobility and the firms' financial performance. Our results indicate that firms with lower turnover rates systematically outperform firms with higher turnover rates. In order to control for other factors known to affect returns, we compute abnormal turnover as our measure of employee turnover orthogonalized to firm size, book-to-market ratio, industry, and past returns. A 10% increase in abnormal turnover corresponds to 84 basis points lower returns during the following month, 78 basis points lower returns two or three months out, and 65 basis points lower returns six months out. We form a monthly long-short trading strategy based on this insight, going long a value-weighted index of firms in the top quintile by lagged turnover and short a value-weighted index of firms in the bottom quintile by lagged employee turnover. The long-short portfolio earns an excess monthly return of 1.12% when using employee turnover from three months prior and performs similarly using lags of one, two, or six months.
In addition to turnover in human capital, returns are related to the composition of human capital within each firm. We use the classification of employees into skillsets to evaluate the extent to which various skillsets correspond to better or worse financial performance. For each firm in each month, we compute the proportions of employees possessing each of the 44 skillsets. In order to screen out differences across industries and firm growth stages and account for known predictors of returns, we orthogonalized the skill proportions against firm characteristics such as size, book-to-market, industry, and past performance. This yields, for each firm in each month, a measure of abnormal focus on each skillset. We find that abnormal focus in the area of sales (skillsets such as Sales Management and CRM) corresponds to better future returns, while abnormal focus on managerial and administrative skillsets such as Administration and Product Management correlates negatively with future performance.
In particular, for every additional 10% of employees specializing in Sales Management, firms experience 11 basis points higher returns three months later. By contrast, for every additional 10% of employees specializing in Administration, firms see 8 basis points lower returns three months out.
While some skillsets are robustly predictive of returns across industries, other skillsets have more heterogenous effects. We look at the relationship between the percentage of employees focusing on each skillset and subsequent returns in each of the three largest in- analyze a large dataset with detailed information on 37 million employees of U.S. public companies. This allows us to characterize the composition of firms' human capital in terms of key skillsets across the broad landscape of U.S. public companies. Our findings indicate that the market prices not only executive, organizational, and demographic characteristics of companies, but also the composition of skills across the full spectrum of a company's employees.
The remainder of the paper proceeds as follows. Section 2 describes the large unstructured employment dataset and the steps taken to structure the records and link firms to employees. Section 3 presents the methodology for classifying self-reported skills into meaningful skillsets. Section 5 presents the empirical analysis of the relationship between employee turnover and firm performance, while Section 5 relates performance to the composition of employee skillsets. Section 6 concludes.
Data
Employment histories and demographic data are provided by a global Client Relationship Management platform. Data on individual companies are merged with market data from the Center for Research in Security Prices and accounting data from Compustat. This section outlines the steps we take to structure the data for effective financial analysis.
Individual Profile Data
We observe the global employment market through the lens of a novel dataset of approx- In order to explore the interplay of human capital and corporate performance, we process the individual profiles into a format that can be readily linked to financial data. The raw profiles contain a number of inconsistencies stemming from the diversity of unconstrained user input, as well as the variety of underlying data sources. We take the following steps to normalize the individual profile data: (1) disambiguation of employer names to official trading names and relevant stock symbols for public companies (outlined in Section 2.1.1) and (2) extraction of normalized degree and institution names from the education records, linking to educational institution rankings to identify individuals with degrees from top institutions (Section 2.1.2).
Our main empirical analyses are based on human capital characteristics constructed from the individual employment profiles merged with industry classification, shares outstanding, and book value from Compustat, as well as returns and market capitalization from CRSP.
Over our sample period between January 1990 and May 2017, this yields an unbalanced panel with an average of 1,850 firms per month (from 1,175 at the start of the sample to 2,820 at the end), and a total of 3,094 firms (after pruning firms with fewer than 100 employees).
Company Name Disambiguation
In this section, we detail the methodology used to disambiguate listed employer names and map them to official company names and stock symbols. Since employer names in the records are entered free-form, the raw data contain a number of inconsistencies, alternative references, and misspellings.
Individuals in the sample are not constrained in the names that they use to describe current and past employers. As such, any particular firm may be referenced by a variety of alternative names, and these names may be corrupted by misspellings, missing qualifiers, or employee misunderstandings. For example, employees of Banana Republic, the apparel brand, may refer to their employer as "Banana Republic," when in fact they are employees of "The GAP Inc.," and Banana Republic is one of several brands in the firm's portfolio.
Similarly, the vast majority of employees of Alphabet Inc. list that they work for the main Alphabet subsidiary, Google. Furthermore, abbreviations ("GE", "IBM"), missing suffixes ("Inc.", "Corp."), and a variety of other inconsistencies complicate the problem of reliably linking records to companies. Table 2 offers examples of the official company names matched to the listed names in the employment records.
We perform company name disambiguation using standard methods from entity disambiguation. 8 To evaluate the disambiguation procedure, we manually look up 1,000 employment records and match them to official company names and market identifiers. Table 2 .
We begin by computing a weak baseline similarity measure between a listed company name and a candidate official company name using edit distance (see Damerau (1964) ). For each listed company name that has at least one match with edit distance of 0.25 or lower, we take the match with the lowest distance. As can be seen in Panel 2 of Table 2 , the baseline yields a highly precise set of matching (the precision is 85%). However, the recall is quite poor, finding a match for only 14% of the listed company names that should be matched.
To increase the procedure's recall, we strip out a set of endings that commonly appear in company names, such as "Inc" and "L.P." The list of common endings is compiled by taking the set of one-, two-, and three-word combinations at the ends of the company names and cataloging those endings that appear in the data more than 10 times. Running the edit distance matching procedure on the names stripped of common endings yields a precision of 82% and a recall of 63%, cataloged in Panel 2 of Table 2 .
We augment the above procedure by processing each company name record to remove extraneous information (parenthetical statements, departments, locations, job titles, and descriptions of roles). Additionally, we use a manually compiled list of common departments, job roles, and miscellaneous terms that we have empirically determined to be extraneous to the matching procedure. That said, in cases when multiple candidate strings appear in our database of canonical names, we favor longer matches. Using these additional steps in the matching procedure, where available, leads to an increase in precision to 94%, and an increase in recall to 82%, as detailed in Panel 2 of Table 2 . This is the final methodology used in the analysis.
We find that after cleaning and filtering, the dataset represents a comprehensive view of the employment landscape for a large proportion of the working population at U.S. public companies between 1990 and 2017. 
Education Extraction and Classification
We use the educational records to identify the types of degrees obtained by the individuals, as well as whether the individuals attended a top academic institution. The degree types of interest are: high school, vocational associates, bachelors, masters (other than an MBA), MBA, and doctoral (including Ph.D., M.D., and J.D. degrees).
We extract and disambiguate each degree type and institution name, manually correcting mistakes such as "Oxford Brookes University" being recognized as "Oxford University" and the "Princeton Theological Seminary" being recognized as "Princeton University." We other than an MBA. The incidence of MBAs and doctoral degrees is lower, at 8% and 4%, respectively. Roughly 6% of the sample hold at least one of their listed degrees from an elite institution.
Private Companies and Industry Codes
Although our primary analysis centers around public company employees, in this subsection we look at the human capital landscape across the full economy. We identify private company employees and link them to industry segments. We document a high degree of connectivity between the different industries via mobility of human capitla.
Private company employers are more difficult to disambiguate than their publicly traded coverage of active employees at these companies is approximately 14 million, representing 39%.
counterparts, since there are no comprehensive exchange lists for private companies. We make use of the aggregator's broad company database of approximately 10 million global corporate entities, together with links to the OpenCorporates database to identify candidate private firms in our data (following the disambiguation procedure described in Section 2.1.1).
For each identified firm that has a common industry classification schema code, we provide a mapping into the NAICS taxonomy. Where no such code is available, we use Amazon's Mechanical Turk infrastructure to crowd-source 2-digit industry classifications. The total employment breakdown across industries (defined by two-digit NAICS industry codes) in 1996, 2006, and 2016 is presented in Table 3 . Overall, we observe a number of industry 
Methodology: Skilled Human Capital
In order to evaluate the relationship between a firm's performance and the composition of its human capital, we identify the key skillsets of each of the 37 million public company employees in our sample. This process occurs in two steps. First, we use techniques from machine learning to condense thousands of individually-entered skills into a manageable number of latent skillsets. Second, we classify each employee as possessing two skillsetsa primary and a secondary one -based on which of the identified skillsets best fit that employee's self-reported skiills.
Identifying Skillsets
We use the Latent Dirichlet Allocation method for identifying topics in documents to identify common skillsets from the individuals' self-reported lists of skills. 10 We recover forty-four skillsets, which capture intuitive competencies ranging from product management to web development to healthcare professionals. The premise is that the observed profiles in D are generated from a latent set of skillsets, which we denote by T . Each element t ∈ T is a unit vector in the k-dimensional skillset space, where the parameter k is the desired number of skillsets, specified by the researcher. In this paper, we consider k = 44 skillsets. We arrive at this number empirically by considering individual set of skills d, D d is a multinomial distribution whose parameters are a random variable drawn from a pre-specified Dirichlet prior.
The generative process assumed by the Latent Dirichlet Allocation algorithm is as follows.
• Pre-specify model parameters: ξ, α, β.
• To construct each new profile of skills d:
1. Choose the number of skills N d ∼ P oisson(ξ).
2. Choose a distribution over skillsets θ d ∈ Dir(α).
3. Fill the N d skills in the profile d by sequentially choosing each skill w n as follows:
(b) Choose a skill w n from P{w n |t n , β}, the conditional probability distribution over skills in the vocabulary given the chosen skillset t n .
We estimate the key parameters of the model, α and β, using a collapsed Gibbs sampling algorithm. Table 2 presents the results. For each of the k = 44 skillsets, we display the most frequent skills from that skillset -i.e., for each t i , we list the terms w j with the highest estimated values ofβ i,j .
The identified skillsets map intuitively onto common work skills; we label them for ease of exposition. For example, the Web Development skillset features javacript, html, and java as the most likely skills. On the other hand, the most likely skills in the Personal Coaching skillset are coaching, public speaking, and sports.
For expositional clarity, we group the identified skillsets into seven broad categories. The first six categories capture key areas of focus relevant across the economy -managerial and administrative, sales-oriented, communications, financial, technical, artistic. The seventh category includes areas that are more specific to particular industries. The skillsets are grouped into these areas as follows:
• 
Classification of Employee Skillsets
Having identified the skillsets, we classify each employee as possessing the two skillsets that are most likely to have generated his particular combination of self-reported skills.
The most prevalent skillsets across the 37 million employees of public U.S. companies are Middle Management and Business Development, but there is substantial heterogeneity in skills across companies in different industries.
We classify individual employees into skillsets as follows. For each individual i with a non-empty listed skill profile d i , we take the estimated distribution over skillsets,θ i . Let 
Employee Turnover and Firm Performance
We analyze the relationship between the stability of a firm's workforce and the firm'ssubsequent stock market returns. Firms with higher employee turnover perform significantly worse than firms with low turnover, controlling for other firm characteristics including size, book-tomarket ratio, industry, and past performance. A long-short trading strategy with monthly rebalancing based on three-months lagged human capital earns abnormal monthly returns of 1.12%.
Regression Analysis
In order to access whether firms with higher employee turnover underperform firms with more stable workforces, we compute abnormal monthly turnover for each firm as the portion of its turnover unexplained by other firm characteristics. We use lagged values of this variable to predict the firm's future returns, and find a strong negative relationship.
We compute monthly firm turnover as the sum of departing and new incoming employees during the given month, scaled by the firm's total number of employees. In particular, consider firm i in each month t, with a total of N i,t employees. Let Join i,t denote the number of employees who join firm i during month t and Depart i,t denote the number of employees who leave firm i during month t. Then the turnover variable is defined as:
We winzorize this variable at the top and bottom 1% across all firm-months.
In order to screen out the effect of other firm characteristics that have been shown to affect performance, 11 we define abnormal turnover as the component of turnover that is orthogonal to a number of firm-level controls. To do so, we first regress T urnover i,t on firm characteristics:
where the vector of characteristics X i,t includes Size i,t , defined as the natural logarithm of firm i's market capitalization, BM i,t , defined as firm i's book-to-market ratio using book value from the most recent quarter-end preceding month t, and Ind i,t , defined as the firm's industry classification. In some specifications, we include also P erf i,t , defined as firm i's market-adjusted return during month t.
Abnormal turnover is then defined as the residuals from the regression (2), i.e., the component of employee turnover unexplained by firm characteristics:
AbnT urnover i,t = T urnover i,t − P redT urnover i,t ,
where P redT urnover i,t is the predicted value for firm i's turnover in month t from fitting regression (2).
We investigate the relationship between abnormal turnover and subsequent firm performance by estimating a linear regression of monthly stock market returns on lagged turnover.
For the explanatory variable, T urnoverV ar i,t , we consider both raw turnover and two types of abnormal turnover: orthogonal to size, book-to-market, and industry, and orthogonal to size, book-to-market, industry, and contemporaneous financial performance. We use two types of returns: raw return Ret i,t defined as firm i's return during month t, and AbnRet i,t defined as the difference between firm i's return during month t and the market return during month t. We estimate each of these specifications for four different lags between turnover and returns:
For L ∈ {1 mo, 2 mo, 3 mo, 6 mo} : ReturnV ar i,t = α + βT urnoverV ar i,t−L + i,t
Firms with higher turnover in a given month experience significantly lower stock market returns in the following month. The estimates of the coefficient β, presented at the top of Table 5 , indicate that a 10% increase in turnover during month t − 1 corresponds to 70 basis points lower raw monthly return during month t and 66 basis points lower market-adjusted monthly return. The results are even stronger when the turnover variable is orthogonalized to firm characteristics such as size, book-to-market, industry, and month t − 1 return. A 10% increase in abnormal turnover translates to 82-84 basis points lower returns during the following month.
The predictability extends well beyond the one-month lag, with employee turnover negatively predicting equity returns two, three, and six months out. The remainder of Table 5 displays the results of specification (4) for lags L = 2 months, 3 months, and 6 months.
The predictability of abnormal returns from abnormal turnover declines but remains strong as we extend the horizon. Even at a six month lag, a 10% increase in a firm's abnormal employee turnover predicts a 65 basis points lower abnormal return. These findings suggest the potential for the formation of profitable trading strategies based on employee turnover, which we explore in the next subsection.
Portfolio Returns
We test the performance of a monthly long-short portfolio based on the relationship documented in the previous subsection. The long portfolio consists of all firms whose lagged abnormal employee turnover rates fall in the lowest quintile, while firms from the top quintile by lagged employee turnover form the short portfolio. Using a three-month lag, the long portfolio earns, on average, a 1.23% monthly return, while the short portfolio earns a substantially lower return of 0.10% per month, resulting in a total long-short return of 1.12%
per month.
Each month, we sort firms into portfolios based on their lagged employee turnover. Thus, given a lag L, in month t, we form two portfolios: the high turnover portfolio and the low turnover portfolio. We use the lagged abnormal turnover variable, AbnT urnover i,t−L , orthogonalized to each firm i's size, book-to-market, industry, and past performance. The high turnover portfolio consists of the top quintile of firms based on their lagged abnormal turnover AbnT urnover i,t−L . The low turnover portfolio contains the bottom quintile of firms based on AbnT urnover i,t−L . The long-short portfolio goes long the low turnover portfolio and short the high turnover portfolio.
Having constructed the portfolios using lagged employment turnover from month t − L, we compute the returns on these portfolios during the current month t. The returns are value-weighted and computed relative to the overall market returns. Thus, for example, the return on the high turnover portfolio during month t is the weighted average of the returns on each firm in the portfolio, weighted by the firms' market capitalization, minus the market return during that month. The return on the low turnover portfolio is computed analogously, and the return on the long-short portfolio is equal to the return on the low turnover portfolio minus the return on the high turnover portfolio.
We evaluate the performance of the high turnover portfolio, the low turnover portfolio, and the long-short portfolio using lags of one, two, three, and six months. The average monthly returns and standard errors on each portfolio at each lag are presented in Table 6 .
The low turnover portfolio substantially outperforms the portfolio of firms with high employee turnover. Using turnover rates from the previous month, a monthly rebalanced long-short strategy that loads positively on the low turnover portfolio and goes short the high turnover portfolio earns an excess return of 0.95% per month, strongly statistically significantly different from zero.
The long-short portfolio performance does not decay, and is even marginally stronger, as we allow for a larger lag between the employee turnover variable and the observed returns.
Each month, a long-short portfolio formed based on employee turnover from two (three) months prior earns an excess return of 1.06% (1.12%) monthly. Performance is similar as the lag is extended to six months, with the long-short portfolio earning an excess return of 1.10% monthly. These are results are consistent with the patterns observed by Belo, Lin, and Bazdresch (2014) using quarterly hiring rates, and slightly stronger due to the finer granularity of the data. Overall, firm-level employee turnover is a strong predictor of subsequent stock market returns.
The performance of the turnover-based trading strategy is also remarkably consistent over time. Figure 6 displays the cumulative returns to the strategy using a three-month implementation lag: each month, the long and short portfolios are formed using the abnormal turnover values from three months prior. As can be seen from the figure, the cumulative 
Employee Skillsets and Firm Performance
We now turn our attention to investigating the relationship between firm performance and the distribution of skillsets possessed by the firm's employees. We find that firms with higher proportions of employees skilled in sales tend to earn higher subsequent returns, whereas firms with more focus on administrative skillsets tend to underperform. While some skillsets (e.g., Product Management) carry similar effects across industries, others, such as Web Design, are valued differently in different segments of the economy.
Full-Sample Results
We evaluate the extent to which different skillsets are associated with differential firm performance by computing the prevalence of each skillset inside each firm's employee base, orthogonalized relative to other firm characteristics. We use lagged values of each skillset variable to predict the firm's future returns.
For each skillset, we begin by computing the percentage of employees whose employment profiles indicate that skillset as either their primary or their secondary skillset. Take a skillset j, and consider a firm i in each month t with a total of N i,t employees. Let Skill j i,t denote the number of employees who are employed at firm i during month t and for whom the skillset j is either primary or secondary. We winzorize this variable at the top and bottom 1% across all firm-months.
We ensure that our measures of skillset prevalence are not affected by firm lifecycle stage, industry, or factors that have been shown to affect performance as follows. For each skillset j, we define abnormal prevalence as the residual from the regression of Skill j i,t on firm-level controls:
where the vector of characteristics X i,t includes market capitalization Size i,t , book-to-market ratio BM i,t , industry dummy Ind i,t , and performance P erf i,t .
Abnormal focus on skillset j is then defined as the residuals from the regression (5), i.e., the component of skillset prevalence that is unexplained by firm characteristics:
where P redSkill j i,t is the predicted value for the percentage of firm i's employees with skillset j in month t from fitting regression (2).
To estimate the effect of focusing on a given skillset j on firm performance, we regress abnormal returns on lagged values of abnormal prevalence of skillset j. Thus, for each skillset j, we estimate the following specification at four different lags:
For L ∈ {1 mo, 2 mo, 3 mo, 6 mo} :
where AbnRet i,t is the difference between firm i's return during month t and the market return during the same month. Table 7 Consistent with the composition of the workforce changing relatively slowly, the results are almost identical at varying lags between the month where the prevalence of skillsets is measured and the performance outcome. As columns (2)- (3) of Table 7 show, the results at two, three, and six months lags mirror those with a lag of one month.
Heterogeneity across Industries
We explore heterogeneity in the performance-skillset relationship across industries, focusing on three primary industries: Information, Manufacturing, and Finance & Insurance.
While some skillsets display consistent relationships with performance in all three industries, some skillsets are markedly more valuable in some industries than others.
The analysis in this section repeats the tests in specification (7) within three industries:
Information (two-digit NAICS code 51), Manufacturing (two-digit NAICS codes 31, 32, and 33), and Finance (two-digit NAICS code 52). As can be seen from Table 3 , these are the three largest industries in terms of numbers of employees. Since the prevalence of skillsets changes slowly, and the full-sample results do not depend on the lag between the measurement of human capital composition and returns (see Table 7 ), we present all results in this subsection with a one-month lag. The results are robust to extending the lag to two, three, and six months.
The results, presented in Table 8 The industries' valuations of the other skillsets are more heterogenous. Sales-oriented skillsets, which are most consistently associated with higher abnormal returns in the fullsample (see Table 7 ), are valued highly in both Information (for both Sales and Sales Man- Overall, the results suggest that there are certain -mostly common and generic -specialties that appear to be robustly predictive of lower returns across industries. However, the relationship is more nuanced for more specialized skills, highlighting the rich variation in how different skillsets are valued in different industries.
Conclusion
Our analysis suggests that the human capital structure of a firm can have important repercussions for its performance in financial markets. We motivate two channels for understanding the dynamics of company employment with respect to outcomes in capital markets.
First, taking a macro view of the firm, we show that higher turnover, which is likely to stretch operational capacity, leads to significantly lower future returns. Second, on a more detailed level, the skills of individual employees and a firm's focus on particular skillsets can have meaningful and consistent effects on performance. A focus on sales-oriented skills intuitively provides greater pay-offs across many industries, whereas hiring too many employees into bureaucratic and administrative roles tends to have a negative effect.
Our work contrasts and builds upon a broad literature of CEO-centered firm analysis, with the prospect that a more granular look at individuals across the firm hierarchy can offer additional insights into the inner workings, efficiency, and ultimate success of the modern firm. Individual employees' mobility and skillsets are only two aspects of the complex landscape of individual human capital. Detailed consideration of additional aspects -including hierarchical roles, demographic traits, and relationships across and outside the firm -might provide fruitful avenues for future research. f e s s i o n a l , S c i e n t i c , T e c h n i c a l R e a l E s t a t e , R e n t a l , L e a s i n g R e t a i l T r a d e T r a n s p o r t a t io n , W a r e h o u s in g U ti li ti e s
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Pu bl ic Ad m in ist ra tio n Figure 2 : Cross-industry employee moves during the 1990s. We consider all job changes that involve switching employer. Each arrows captures the prevalence of moves from one industry to another, following two-digit NAICS industry classification. companies. Each employee whose profile contains self-reported skills is classified as having a primary and a secondary skillset. For each skillset, the figure shows the number of employees for whom that skillset is primary (in green) and the number of employees for whom that skillset is secondary (in red).
Figure 4:
Frequency of skillsets across the employees of public U.S. companies in the Manufacturing industry (two-digit NAICS codes 31, 32, and 33). Each employee whose profile contains self-reported skills is classified as having a primary and a secondary skillset. For each skillset, the figure shows the number of manufacturing industry employees for whom that skillset is primary (in green) and the number of employees for whom that skillset is secondary (in red). Insurance industry (two-digit NAICS code 52). Each employee whose profile contains self-reported skills is classified as having a primary and a secondary skillset. For each skillset, the figure shows the number of finance industry employees for whom that skillset is primary (in green) and the number of employees for whom that skillset is secondary (in red). 
The outcome variable, ReturnV ar i,t , is raw firm-level return during month t, Ret i,t , in column (1) and abnormal return, AbnRet i,t , of firm i over the market in columns (2)-(3). In column (1)-(2), the explanatory variable, T urnoverV ar i,t−L , is raw turnover, T urnover i,t−L , of firm i during the lagged month t − L. In column (3), the explanatory variable is abnormal turnover, AbnT urnover i,t−L , orthogonalized to size, book-to-market ratio, and industry of firm i. In column (4), the abnormal turnover variable is also orthogonalized to the firm's contemporaneous stock market return during month t − L. The table reports the coefficient β, scaled so as to correspond to the change in returns for every additional 10% in employee turnover.
(1) Size, B/M X X Industry X X Past returns X Table 6 : Portfolio returns based on lagged employee turnover rates. In each month t, we sort firms based on their lagged abnormal employee turnover, AbnT urnover i,t−L into two portfolios: the high turnover portfolio consists of the firms in the top quintile based on the abnormal turnover measure, while the low turnover portfolio contains the bottom quintile of firms based on abnormal turnover. We compute the value-weighted returns of each portfolio during the current month t, as well as the return on the long-short portfolio that goes long the low turnover portfolio and short the high turnover portfolio. The results are displayed using abnormal employee turnover lagged by one, two, three, and six months. Abnormal turnover is orthogonalized to firm size, book-to-market ratio, industry, and the lagged monthly returns.
(1) Size, B/M X X X Industry X X X Past returns X X X Table 7 : Results from panel regressions of monthly firm-level stock market returns on lagged composition of employee skillsets. We estimate the following specification for four lags: For L ∈ {1 mo, 2 mo, 3 mo, 6 mo} : AbnRet i,t = α + βAbnSkill i,t−L + i,t , where AbnRet i,t is the return for firm i in month t in excess of the market return. AbnSkill i,t−L , is the percentage of firm i's employees who possess a given skillset in the lagged month t − L, orthogonalized to size, book-to-market ratio, industry, and month t − L performance of firm i. The table reports the coefficient β, scaled so as to correspond to the change in returns for every additional 10% of employees possessing a given skillset.
(1) For L ∈ {1 mo, 2 mo, 3 mo, 6 mo} : AbnRet i,t = α + βAbnSkill i,t−L + i,t , where AbnRet i,t is the return for firm i in month t in excess of the market return. AbnSkill i,t−L , is the percentage of firm i's employees who possess a given skillset in the lagged month t − L, orthogonalized to size, book-to-market ratio, industry, and month t − L performance of firm i. The table reports the coefficient β, scaled so as to correspond to the change in returns for every additional 10% of employees possessing a given skillset.
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